Most patients with multiple myeloma (MM) respond well to initial therapy, but invariably relapse due to evolution of resistant phenotypes. Here we examine the evolutionary dynamics of proliferation of resistant MM phenotypes during therapy. By applying computational models to data from three clinical trials for newly diagnosed MM patients, we have quantified the size and level of chemoresistance of subpopulations within the tumor burden in 124 patients, prior to and during therapy. Subsequently, we used the computational models to explore an alternative strategy of "adaptive therapy" (AT), which includes defined treatment holidays, to improve the duration of "controlled disease" (CD). Simulations showed that AT could prolong CD in all three trials: 50.0% vs. 11.1% 50-month CD for a single agent approach in older adults (P = 0.0123), 80.4% vs. 58.8% 60-month CD for a multi-agent bortezomib based therapy (P = 0.0082), and 54.0% vs. 24.0% 60-month CD for a multi-agent lenalidomide based therapy (P < 0.0001). Increases in duration of CD resulted from the stabilization of tumor burden, which in turn would delay the growth of chemoresistant sub-populations in patients with partial (PR), or very good partial response (VGPR). These computational algorithms suggest that AT may provide an alternative and feasible therapeutic management strategy in MM.
Introduction
Multiple myeloma (MM) is a treatable but not curable disease of malignant plasma cells. Although many effective agents are currently available, resistance ultimately emerges, leading to uncontrollable tumor growth and patient death. Although some patients achieve complete responses, with undetectable tumor burden after therapy, between 50% and 75% reach a plateau of refractory disease [1] [2], which is followed by tumor re-growth.
Here we examine the evolutionary dynamics that lead to proliferation of resistant phenotypes in MM. Our goal is to generate predictive models that anticipate adaptive strategies from tumors in individual patients, and use evolutionary principles to optimize therapy by delaying proliferation of resistant phenotypes. In general, we propose that every MM patient harbors pre-existing cancer cells that evade therapy through a combination of intrinsic and environment-mediated mechanisms [3] . By successively treating the patient with different therapeutic agents, eventually one or more subpopulations of multi-drug resistant cells are selected, and no other therapeutic alternatives are left. This is true even for patients with a complete response, for which no detectable minimum residual disease exists after initial therapy [4] .
These evolutionary dynamics are, in fact, well known. After Willem de Vlamingh discovered black swans in West Australia in 1697, the term was used to denote occurrences originally believed to be impossible, but ultimately found to be true. The "Black Swan Theory" proposes that low probability events, also called outliers, can have major impact in complex systems such as economy and ecology [5] . Similarly, it seems that in MM patients treated with high doses of several drugs that kill large numbers of cancer cells, there are "black swans" capable of withstanding highly effective combination therapies.
The therapeutic approach described here is based on the assumption of the pre-existence of therapy-resistant cells, and seeks to prevent the emergent growth of this refractory population for as long as possible. To be successful in a wide range of patients, this approach must also account for inter-patient heterogeneity, as the number and degree of resistance of these refractory cells appear to greatly vary from one patient to the other. Furthermore, our investigation cannot simply be confined to the MM cells, since much of the de novo resistance in MM patients is environmentally mediated, and thus determined by interactions between MM and the bone marrow microenvironment. Finally, we must consider that cancer cells not only interact with the host but also compete among themselves for resources. The need for angiogenesis for tumor growth, and the common necrotic, hypoxic and acidic niches in tumors are evidence that such competition exists [6] .
In previous works, our group and others have proposed that intra-tumoral evolutionary dynamics, including competition among tumor subpopulations, could be exploited to improve the duration of response. By using the chemosensitive population as an obstacle to maintain the chemoresistant minority quiescent [4] [7]- [10] , this approach, termed adaptive therapy (AT), aims for stabilization of the tumor burden with minimum use of chemotherapeutic agents. There are, however, two theoretical conditions for AT to be successful: 1) the size of the chemoresistant population must be small compared to the size of the chemosensitive population, and 2) the chemoresistant population must be equally or less fit than the chemosensitive population in absence of therapy. This second requirement is a natural consequence of the "cost of resistance", such as energetic waste of basal efflux pump activity [10] or longer cell cycle due to over-active DNA repair activity [11] . Combining these two conditions ensures that the chemosensitive cells constrain the growth of the chemoresistant ones, and overgrow them during therapy "holidays".
We examined the evolutionary dynamics of resistance in 124 MM patients from three clinical trials. We have developed a patient-specific computational model to determine the ratio of the chemosensitive and chemoresistant tumor burden, as well as the level of sensitivity of each sub-population to the therapeutic regimens. With this information, the model simulated the expected response of the same patient to an alternative AT regimen, by introducing "therapy holidays" (weeks without treatment) whenever the tumor burden decreased or remained stable.
Due to the nature of the AT regimen, which leads to controlled oscillations of the tumor burden, the term progression-free survival (PFS) may not be used. Throughout this manuscript, the term duration of controlled disease (CD) is used instead, to refer to the interval of time prior to tumor growth under AT during maximum frequency (no "holidays"). Under standard regimen, CD and PFS are synonyms.
The simulations projected a significant increase in the duration of controlled disease (CD), mainly in the patients that would have had a PR or VGPR under standard therapy, indicating that these patients would benefit from characterization of clonal variation in drug sensitivity prior to initiation of treatment.
The models were also used to address two important questions for an eventual clinical trial evaluating AT in MM: the first would be at what level the tumor burden should be stabilized. Since the tumor burden inversely correlates with patient health, there is a need to keep this burden at a minimum level, but not so low that it would allow unrestrained proliferation of resistant cells.
The second question would be whether fewer or more agents should be combined at once. While some authors propose that combinations of multiple agents could increase chances of complete response [12] , others have indicated that additional agents increase duration of PFS, but have no effect in overall survival [13] . We have also noted in a retrospective study that high-risk patients may actually have a worse survival when treated with combinations of 3 or more agents as compared to treatment with sequential therapy using two agents [14] .
These conflicting observations only reinforce the importance of using formal frameworks, such as evolutionary computational models, for elaborating and testing hypothesis comparing the outcomes of clinical trials in multiple myeloma.
Methods

Ethics Statement
This study retrospectively analyzes clinical data (therapy response) collected from three clinical trials at the H. Lee Moffitt Cancer Center, properly approved by the Institutional Review Board (MCC# 16018, MCC# 15399, and MCC# 14986), and published in ClinicalTrials.gov website (NCT00750815, NCT00617591, and NCT 01054144). The medical records were de-identified and only the following clinical-relevant information was reviewed: treatment administered, cytogenetics, and assessment of tumor burden using serum and urine electrophoresis results and serum free light chain testing.
Clinical Trials
Only patients with three or more paraprotein measurements were included in the simulations, this excluded 11 patients. The first trial (Rev) included 18 newly diagnosed older adults who received single agent lenalidomide with the addition of dexamethasone or prednisone in case the patient's disease progressed or was deemed stable after 2 cycles, respectively [15] . The second trial (CVDD) enrolled 56 newly diagnosed patients who were treated with a cyclophosphamide, bortezomib, liposomal doxorubicin, and dexamethasone regimen [16] . The third trial (Dd-R) enrolled 50 newly diagnosed patients who received liposomal doxorubicin, low frequency dexamethasone, and lenalidomide [17] .
For the Rev trial, the second agent was only introduced between 3 and 21 cycles after the first, and only in seven patients, thus we were able to estimate the level of resistance of the first and the second drug individually. For the two other trials, all agents were administered within a cycle, and the tumor burden was measured at the end of each cycle. Thus, it was impossible to determine the effect of each chemotherapeutic agent individually. For these two trials, the sensitivity was quantified for the combination of agents.
Mathematical Model of MM Therapy
The model used to simulate the growth of cancer sub-populations in each patient, and their chemosensitivity to therapy, was previously described in Silva et al. [10] . Briefly, two sub-populations were modeled, each with a size, a doubling time, and a level of sensitivity to each of the chemotherapeutic agents or combinations used in the trial. The maximum theoretical growth rate of the entire tumor burden was estimated from the labeling index commonly observed in MM patients (~1% -3%). Intra-tumoral competition was modeled by Equation (1), which determines that bigger populations have higher chance of maintaining, or increasing their share in the total population, than smaller ones.
is the size of the sub-population "i" at time "t", while N i (0) is initially unknown, the sum of all N i (0) equals to the total tumor burden, measurable by paraprotein levels, at the beginning of treatment. L.I. is the labeling index (here assumed as 1%), dt is the interval used in the numerical calculations of the simulation, which for this manuscript was used as one day. R x is the average drug concentration to which the patient was exposed during the interval dt. IC50 i is the drug concentration that would induce a 50% decrease in the viability of the sub-population "i" in the interval i dt τ ⋅ represents the doubling time of each sub-population. In the AT regimen herein proposed, patients start on a regimen of one week on therapy and three weeks off. Two thresholds were arbitrarily defined: the tumor level after one cycle of therapy was defined as the upper threshold, while the tumor level after the second cycle as the lower threshold. The frequency increases (for instance two weeks on, two weeks off, then three weeks on and one week off) in case the tumor burden increases beyond the upper threshold. Conversely, if the tumor burden decreased or stabilized below the lower threshold, the algorithm reduced the frequency of therapy by adding "holidays". The regimen was adjusted every month, depending on the results of the tumor burden assessment, as estimated by the myeloma paraprotein concentration. This hypothetical regimen was herein proposed due to its use of standard doses, which increases the possibility of rapid clinical implementation.
In trials where agents are administered only once during a cycle, it is possible to implement the holidays at a cycle level, for instance three cycles on, one cycle off. Notably, other, more sophisticated algorithms, including dose adjustment, are also possible.
The model was simulated by numerically solving a system of N difference equations (Equation (1)), where N is the number of sub-populations in the tumor burden, with time steps of 1 day. We implemented a Genetic Algorithm (GA) using the library JGAP (http://jgap.sourceforge.net/) to fit the model parameters to the clinical measurements of tumor burden during treatment. The model parameters fit by the GA were: the size of each sub-population (N i (t)), the doubling time of cells in each sub-population (τ i ), and the chemosensitivity of each sub-population to chemotherapy (IC50 i ). Briefly, this algorithm creates a random group of possible solutions (2000), and iteratively evaluates the goodness of fit of the different solutions, attributing the highest scores to those with the best fit (shortest distance between the simulated curves and observed tumor burden). The best solutions increase their frequency in the pool of possible solutions, while the lowest scores are removed. Spontaneous "mutations" of these parameter values add diversity to the population. The final product of this genetic algorithm is the set of sub-population sizes and chemosensitivity parameters which, when incorporated into the mathematical model, generate "spaghetti models" of patient response to actual or hypothetical therapeutic regimens (Figure 1). 
Statistical Analysis
For each patient, 20 simulations were calculated (10 for standard and 10 for AT regimen), and the mean and SEM were graphed in the "spaghetti models". To compare the standard and the personalized regimen with holidays, we used duration of controlled disease (CD) as metric: the patient was considered to have progressive disease when the mean of the total tumor burden increased monotonically for two consecutive months during maximum tolerated therapy. For the standard regimen, CD and PFS are synonyms. For AT, progression occurs when the tumor grows under the maximum frequency of AT (no holidays).
The 60-month percentage of controlled disease of the patients from the three trials (Rev, Dd-R, and CVDD), as well as the statistical difference between the two regimens, were calculated using the software Prism 5 (Graph Pad) and the Log-rank (Mantel-Cox) test. Figure 1 shows three examples of patient tumor response to therapy: the first example shows a patient with undetectable minimal residual disease after therapy. The second example shows a partial response to therapy. In the last example, a patient has an initial very good response, but eventually reaches a plateau and relapses.
Results
In each example of Figure 1 , three curves are shown: the solid dark gray disks represent the actual data points of paraprotein levels from monthly blood or urine exams. The dark curve (MTD) represents the computational model fit for tumor progression during standard therapy. As the simulation moves further from the last actual data point, the prediction curve fans out, thus the increase in the error bars. The light gray curve (AT) represents the simulation of the same patient if he or she had been treated with the Adaptive Therapy (AT) approach proposed in this work, with "therapy holidays". The error bars observed in this curve are due to the multiple possible explanations (size and level of resistance of different sub-populations) found by the genetic algorithm to ex- Figure 1 . Simulations of adaptive therapy compared to MTD and actual patient response. Three different patterns were observed in the patients in this study. The first (top left) consisted of patients who had a complete response to treatment and showed no signs of residual burden according to para-protein levels. The second group (top right) consisted of patients who had a less than partial response, or were de novo refractory to therapy. The third group (bottom left) consisted of patients with a very good or partial response to therapy followed by relapse. Theoretically only the third group would benefit from AT, since this regimen would maintain the chemoresistant sub-population quiescent and prolong the period of response to therapy, and consequently overall survival. The overall survival of the first group could not be estimated by the mathematical model, due to the undetectable minimum residual disease. For patients in the second group, AT eventually escalates to MTD as the chemoresistant tumor burden is too big to be contained by the chemosensitive sub-population. An example of the intratumoral competition enticed by AT is shown on bottom right, where MTD eradicates the therapy-sensitive cells (MTD(S)) but sets free the refractory tumor (MTD(R)) resulting in tumor regrowth. AT maintains the sensitive tumor burden (AT(S)) below a certain level, what maintains the resistant portion of the tumor quiescent (AT(R)).
plain the patient tumor burden.
The lower-right panel in Figure 1 dissects the example of the patient #26 in the trial Dd-R. The figure shows the actual m-protein measurements (ACTUAL), as well two sub-populations, one chemoresistant (R), and one chemosensitive (S) progressing under standard regimen (MTD) or Adaptive Therapy (AT). Under standard regimen the chemosensitive sub-population is depleted around 6 months after initiation of therapy, which reduces intra-tumoral competition and allows the chemoresistant clone to regrow (black solid line). Alternatively, the use of "therapy holidays" maintains the chemosensitive cells oscillating at manageable levels, which in turn maintains the chemoresistant cells quiescent throughout the entire course of the simulation (60 months). Figure 2 depicts the CD curves generated by the computational models for the three trials, under either standard (MTD) or AT regimens. The single-agent trial (Rev) had a 50-month CD of 11.1% for MTD, and 50% for AT. The three-agent trial (Dd-R) had a 60-month CD of 24% for MTD and 54% for AT, while the four-agent trial (CVDD) had 60-month CD of 58.8% and 80.4% for MTD and AT, respectively. These simulations suggest that AT in these three clinical trials may provide superior outcome to the preferred standard of care regimen, which is induction, followed by high-dose melphalan and bone marrow transplantation in eligible patients. Namely, in prior studies, the 3-year post transplant PFS for VTD (bortezomib, thalidomide, dexamethasone) induction was 68%, TD (56%), PAD (bortezomib, adriamycin, dexamethasone, 48%), and TAD (42%) [18] .
These results indicate that, while the addition of new agents to MM treatment indeed prolongs CD, adjusting the frequency of administration of these agents in order to stabilize tumor burden, rather than continuous administration, may increase CD and ultimately overall survival significantly further.
The rationale behind the combination of multiple agents under AT is described in the Figure 3 : the phenol- , and an adaptive therapy regimen that included "holidays" when the patient burden declined below a pre-determined threshold (AT). The simulations show a statistically significant difference in duration of CD (P = 0.0123) according to Log-rank (Mantel-Cox) Test, with a 50-month CD rate of 50% for adaptive, versus 11.1% for standard regimen, for single agent lenalidomide (Rev). Similarly, the simulations over a 60-month period showed a statistically significant difference in 60-month CD (P < 0.0001) according to Log-rank (Mantel-Cox) Test for Dd-R (54% vs. 24%). For CVDD, P = 0.0082, and 60-month CD was 80.4% vs. 58.8%. The use of a single agent kills most of the cancer cells, but leaves behind a significant number (black and white diagonal disk), which will be responsible for relapse. (Top middle, and right) By combining multiple agents, the number of cells capable of resisting all agents is significantly smaller, however, relapse still occurs (bottom left). While the rate of complete response is higher in triplets and quadruplets, no assumptions can be made on overall survival. Under AT, the duration of controlled disease is inversely related to the size of the resistant sub-population, thus the more agents added, while adjusting dosing or frequency of administration, the longer would be CD (bottom right).
typic space of the tumor burden of a hypothetical patient is represented as the larger gray disk. The smaller disk, with black and white diagonals, in the first example, represents the cells that are resistant to the single agent regimen. As more agents are added to the regimen, this multi-drug resistant area becomes smaller. In the example of this figure, the hypothetical patient would have a "partial response" with one agent, a "very good partial" response with three agents, and a "complete response" with four. In all three cases, however, there would be a residual of resistant cells and hence relapse. Depending on the rate of regrowth of the resistant burden, even a "complete response" may not lead to actual difference in overall survival, or paradoxically may actually lead to a reduced overall survival, as the emergent cells are pan-resistant. As previously mentioned, however, the AT regimen is more effective when the resistant sub-population is smaller, and thus the combination of multiple agents, but at doses and frequencies that would prevent tumor growth, rather than eradicating it, would be a potential strategy to initiate trials with the smallest possible fraction of resistant cells. We next tested if the herein-described computational model could be used to estimate the resistant subpopulation at earliest stages of treatment. For this purpose, we used the same data set for a given patient for multiple simulations, but in each simulation a smaller number of data points were provided, to emulate how well the computational model would predict time to progression after three months of therapy, compared to 9 months, for instance. Figure 4 illustrates this approach for the patients 13, 19, 31, and 59 of the trial Dd-R: gray disks represent the actual data points (ACTUAL), gray and black solid lines represent the curves modeled from 3 and all data points, respectively.
These results indicate that, while such models can be used to study the optimization of therapeutic regimens using retrospective data, the exact quantification of the resistant sub-population is only possible when therapy has significantly reduced the tumor burden to a point where the resistant sub-population fraction has become large enough to affect the total tumor response. At this point, however, AT becomes less efficient. However, once models have been created for a cohort of patients under a specific regimen and agent combination, it is Figure 4 . Model predictions can be improved with more data points or with a training set. A key question to be addressed by a clinician in an AT trial would be: "how low should the tumor burden be maintained?" To address this question, simulations for four patients of the CVDD trial were performed with different numbers of data points provided to the model, in order to determine how early a clinician would be capable of detecting patient relapse. The results show that simulations converge to the actual amount of minimum residual disease (actual data points shown as gray disks) as more data points are obtained (solid black line). However, by training the genetic algorithm with the maximum and minimum range of the parameters of Equation (1), from all patients in a particular trial, it is possible to narrow down the predictions, and make an "educated guess" as early as at the third data point (solid gray line).
possible to "train" the GA to work within a narrower range of parameters, which significantly improves the estimations of minimum residual disease as early as three months within treatment.
Discussion
While patients with MM usually respond well to initial therapy, evolution of resistance in the MM populations is virtually inevitable, leading to tumor progression and death. Here we examine the evolutionary dynamics of drug sensitivity and resistance in a cohort of 124 patients. Our computational models have indicated that an alternative, evolutionarily based regimen, would have increased duration of controlled disease (CD) in all three trials, and the patients most benefited would be the ones with a small, but detectable therapy refractory sub-population.
According to IMWG classification [19] this subgroup of patients would be categorized as VGPR (Very Good Partial Response, ≥90% reduction of tumor burden) or PR (Partial Response, ≥50% reduction of tumor burden). These patients are believed to have a worse prognosis than patients with Complete Response (CR), although some controversy still exists on the value of CR in overall survival [1] . The results from these simulations, however, show that patients who had a VGPR or PR under a standard regimen, could have had a longer progression-free survival if they had undergone a less intense regimen, which included "therapy holidays" whenever the tumor burden stabilized or decreased.
The rationale behind this conclusion is that these patients harbor a minimum residual disease, which is refractory to the agent combination administered. By using a less aggressive therapeutic regimen, the selection for these refractory cells will take longer.
Another question addressed by the models was the effect of the combination of multiple agents in the increase of CD. The computational simulations suggest that, while the inclusion of more agents would increase CD under a standard regimen, the longest CD are observed when these agents are used under an AT regimen, theoretically reaching CD levels superior to induction followed by bone marrow transplantation. The explanation of the synergy between AT and multiple-agent combination is as follows: the smaller the size of the resistant subpopulation, the stronger will be the growth-suppression effect of the chemosensitive clone. The more agents are present in the regimen, the smaller will be the sub-set of de novo resistant cells (Figure 3) .
Thus, the ideal theoretical regimen, the one with longest duration of controlled disease, would be one that included more agents, but administered them at a dose/frequency that maintained the disease stable, instead of seeking CR. While this conclusion might me counterintuitive, it is possibly the reason behind the controversial results between trials that favor therapeutic rationing (save drugs for later) and those who propose the use of as many agents as possible [12] .
We have addressed whether these computational models could be used during the first cycles of therapy, to estimate the size of the chemoresistant burden. The goal would be for the model to instruct the clinician on the minimum stable tumor burden that would still delay relapse. We have shown that, by restricting the model parameters by using the maximum and minimum ranges observed in a cohort of patients treated under the same regimen, it was possible to significantly reduce the time required to estimate minimum residual disease, to as little as three months (Figure 4, solid gray line) . Consequently, in a clinical trial, the data from early-accrued patients could be used to train the models, and more accurately predict the therapy response of newly accrued patients. In standard of care patients, historical data from patients previously treated with the same regimen could also be used to enrich these models and make them more predictive.
Another approach to use such computational models as predictive tools for personalized treatment in multiple myeloma would be to develop experimental platforms, to estimate the size and level of resistance of sub-populations within the tumor burden, prior to actual therapy. We have recently proposed a proof-of-principle that would integrate ex vivo chemotherapy response of myeloma cells from MM patients, into personalized models of therapy response [20] . While such an approach is limited to agents with ex vivo activity, it overcomes many of the early ex vivo drug screening colony formation assays [21] , such as required number of cells and the time required for colony formation [22] , and thus could be used as a predictive biomarker for an AT prospective clinical trial.
The diversity of patterns of therapy response on the patients here studied, suggest a hypothesis for the commonly observed difference in relapse rate between standard (SR) and high-risk (HR) MM patients. We hypothesize that MM cells in HR patients suffer from inherently higher genetic instability, which is evidenced by the cytogenetic abnormalities that are the hallmark for these patients. Such genetic instability would thus induce an increased mutation rate, and consequently, a more phenotypically heterogeneous population ( Figure 5) . While most random mutations are deleterious and confer loss of function, an increased mutation rate also generates rare mutants that are fitter than the parental cells [23] . This concept was recently been independently proposed by Keats et al. [24] , although at a genetic level, where tumor samples from HRMM patients have shown a larger number of copy number variations when compared to SRMM patients, resulting in different sub-populations with diverse levels of chemosensitivity and mutually competing for dominance of the tumor burden. Upon therapy, the response of SR patients should be similar to the one depicted in Figure 5 (bottom, left): homogeneous with a constant relative decrease of tumor burden. The response from a HR patient, on the other hand, would be a pattern of quick response, as the clones with deleterious mutations are promptly killed by therapy, followed by relapse, as the chemoresistant clones re-grow the original tumor ( Figure 5, bottom, middle) .
According to this hypothesis, HR patients, who have higher risk of early relapse, would be the best candidates for AT, since their chances of achieving CR are lower than in SR patients, but their refractory tumor burden may be small enough to be maintained quasi-quiescent by AT.
While the genetic and molecular mechanisms behind progression and evolution of chemoresistance in MM are complex, we propose a simple framework for classifying MM patients according to their clinical response, Cancer cells from high-risk MM patients (HR) have higher genetic instability, as evidenced by cytogenetic abnormalities, and thus have a wider phenotypic chemoresistance distribution. As most random mutations are deleterious, most of the MM cells in HR patients are less fit than their parental cells, shifting the chemosensitivity distribution to the left. Upon treatment initiation, and during the first cycles of therapy, all cells in the dashed box "A" are killed. As treatment continues, all cells in the "B" range of chemosensitivity die. Cells in "C" are refractory to therapy, and are responsible for relapse. (Bottom) According to this simple model, the slow, but steady initial response of SR patients are due to a more homogeneous tumor population, while the fast initial response, followed by quick relapse in HR patients is caused by the inherent genetic, and phenotypic heterogeneity of its tumor population. The three parameters that rule the therapy response of a MM patient are thus: δ (the rate of decrease of the sensitive population), μ (the minimum residual disease), and ρ (the rate of re-growth of the resistant sub-population). The evolutionary therapeutic regimens here proposed seek to delay relapse by extending δ as much as possible, and ensuring that the refractory burden μ grows at the slowest possible rate, orders of magnitude lower than ρ.
and suggest an algorithm for adjusting therapeutic regimens to specific properties of the tumor burden, namely the chemosensitivity of the chemosensitive sub-population, the size, and the re-growth rate of the chemoresistant population ( Figure 5, bottom, right) .
It is important to note that the values of tumor burden used for these simulations were based on measurements of blood or urine para-protein, which is the current standard of care. While in most patients there is a direct correlation between number of myeloma cells and amount of secreted para-protein, in some patients this is not the case. For instance, the phenomenon of light chain escape occurs when, during the treatment, the secretion of intact immunoglobulin shifts to free-light chains only, and is estimated to occur in approximately 3% of MM patients [25] . Such cases can still be modeled, but it is necessary to normalize the measurements in different units prior and post the shift.
Conclusion
The work here presented is still preliminary, but it describes a framework for personalization and optimization of chemotherapeutic regimens, based on computational models, and clinical response of MM patients. The improvements in the duration of controlled disease here described, although still theoretical, support the idea that optimization of therapy regimens, tailored to the needs and characteristics of each patient, may lead to meaningful progresses in myeloma therapy.
